Abstract
have developed tests to test unit-root against a stationary ESTAR alternative. All these tests were found to be more powerful than the ADF test. Two recent papers are closely related to the present paper. Bec, Guay and Guerre [2008] propose a new sup Wald test with the specific feature that the set of thresholds is selected differently under the null and the alternative. This adaptive selection aims to improve the power of the test. Park and Shintani [2005] derive the asymptotic distribution of a inf-t test for various alternatives including TAR and LSTAR models, however they limit their attention to testing a simple null hypothesis and their results do not directly apply to our setting.
Our analysis departs from existing work in three dimensions. First, it relies on a general model, the Multi-Regime Logistic Smooth Transition AutoRegression (MR-LSTAR), allowing for both ESTAR-type and SETAR-type dynamics. Indeed, even though the ES-TAR model is often considered as the smooth transition analogue of the SETAR model, the former does not nest the latter. Yet, as will be stressed in the next section, neither the discontinuous nor the continuous adjustment cases can be ruled out a priori on theoretical grounds. Second, we develop two classes of unit-root tests against this MR-LSTAR alternative, based respectively on the likelihood and on an auxiliary model. The asymptotic distribution of each test is derived analytically and is shown to be nuisance parameter free. A Monte Carlo experiment reveals that contrary to the ADF test, the power of our tests remains high for large values of the threshold parameter. Third, we apply our tests on monthly data from 8 countries leading to 28-real exchange rates for the post-Bretton Woods period. The null of a unit root is rejected for eleven pairs of currencies, while the ADF test rejects only for one series. The half-lives we obtain are much smaller for large shocks than for small shocks, which supports the theory of PPP in the presence of transaction costs. Another interesting result is that the shapes of the estimated transition functions are only slightly smoother than the discontinuous transition function characterizing the SETAR model. The paper is organized as follows. In Section 2 we discuss the real exchange rate nonlinear dynamics implied by existing theoretical models. This motivates the choice of our MR-LSTAR model, which is then presented and compared to the ESTAR. Section 3 describes the unit root tests and their asymptotic distributions before reporting their small sample properties. The data and the empirical results are presented in Section 4.
Section 5 concludes.
hal-00685810, version 1 -6 Apr 2012
2 The Nonlinear Continuous Adjustment Specification
Theoretical backgrounds
Recent general equilibrium models with proportional transport costs -see e.g. Sercu et al. [1995] , Bec et al. [2004] , Dumas [1992] , Uppal [1993] and Berka [2004] -outline multi-regime dynamics for the real exchange rate process. Assuming a symmetrical twocountry setup, these models predict the existence of a no-trade region within which the real exchange rate adjustment toward the PPP equilibrium, if any, is expected to be slow.
Let y t denote the logarithm of the real exchange rate (the price of a unit of domestic goods in units of foreign goods). The region of no trade, called the inner regime, is defined by y t ∈ (−λ; λ) where λ ∈ (0, 1) is the proportional shipping cost. Outside this region, international arbitrage forces the real exchange rate back toward the band. In these models, the real exchange rate is a nonlinear monotone function of the physical imbalance, ω, as measured by the difference in endowments between home and abroad. Therefore, the behavior of ω determines the dynamics of y t . When ω is exogenous, as in Sercu et al. [1995] and Bec et al. [2004] , the implied dynamics of the real exchange rate can be represented by a discontinuous adjustment threshold model, namely the SETAR model. However, these very simple models may be viewed as a crude version of the more sophisticated setups proposed by Dumas [1992] or Berka [2004] . More particularly, Dumas' model features country-specific productivity shocks and the dynamics of ω are endogenously determined through the capital accumulation process.
Replicating Figure 5 of Dumas [1992] , Figure 1 , below, shows the conditional expected change of the real exchange rate as a function of its lagged value in the inner regime.
From Figure 1 , we see that the real exchange rate process is mean reverting, i.e. its conditional expected change is negative (positive) for positive (negative) values, and the mean reversion is strongest when the deviation from parity is largest 3 . Hence, from an empirical point of view, these features point to a smooth transition autoregression. The question is which STAR model to choose. As stressed by Dumas [1992] , the shape of the conditional expected change function depends crucially on the relative risk aversion (RRA) parameter. The dotted line in Figure 1 represents the conditional expected change associated with a low degree of risk aversion. As one approaches risk neutrality, the function stays longer on the zero axis. Indeed, the lower the risk aversion, the less sensitive Figure 1 : Conditional expected change of the real exchange rate in the inner regime the agents are to the ex ante benefits of diversification achieved by shipping. Consequently, a low degree of risk aversion makes rebalancing of physical capital less desirable, which in turn implies a slower mean reversion of the real exchange rate. In the limit case of risk neutrality, the conditional expected change function lies on the zero axis, which corresponds to a SETAR-type discontinuous adjustment. Note that the possibility of risk neutrality cannot be ruled out according to the findings of, e.g., Hansen and Singleton [1982] , Hansen and Singleton [1984] , and Epstein and Zin [1991] .
Comparison between ESTAR and MR-LSTAR models
According to the discussion above, it seems highly desirable to empirically analyze the nonlinear dynamics of the real exchange rate in a framework which encompasses both discontinuous and continuous types of adjustments. As will be stressed below, the most popular model, namely the Exponential STAR model, cannot account for the discontinuous case. In this subsection, we compare the ESTAR and MR-LSTAR models in the simplest setup, one that includes only one autoregressive lag.
Consider first the ESTAR model given by:
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where the transition function G is given by:
The positive parameter γ governs the speed of transition between regimes and is called the speed parameter. Note that when y t−1 goes to ±∞, G goes to one so that the ESTAR model becomes:
the parameter φ 1 , hence, characterizing the "outer" regime dynamics. When y t−1 = κ, then G = 0 and the ESTAR model dynamics are now governed by φ 2 :
Hence, the weight of the "outer" regime parameter, φ 1 , decreases as y t−1 approaches κ.
Finally, the dynamics generated by the transition function, (2), are symmetrical around
κ.
An undesirable feature of model (1) is that it collapses to the linear process given in (3) when the speed parameter, γ, goes to infinity. This should correspond to a sudden shift between regimes. To overcome this issue, a natural candidate is the MR-LSTAR model mentioned in van Dijk, Terasvirta and Franses [2002] :
where the transition functions are now defined by:
and λ is the threshold parameter. Note that when y t−1 goes to −∞, G 1 goes to unity while G 3 goes to zero, so that the MR-LSTAR dynamics are governed by φ 1 . On the other hand, when y t−1 goes to +∞, G 1 goes to zero whereas G 3 goes to one, so that the MR-LSTAR dynamics are governed by φ 3 . One reason which motivates the choice of this MR-LSTAR model is that it becomes a SETAR model as the speed parameter, γ, goes to ∞. In this case, note that G 1 → I (y t−1 < −λ) and G 3 → I (y t−1 > λ) . Hence, when γ goes to ∞, Model (4) rewrites as the following 3-regime SETAR:
In order to compare this MR-LSTAR model with the ESTAR above, suppose that φ 1 = φ 3 , i.e., the dynamics are assumed to be symmetrical in the 'lower' and 'upper' regimes, which is a maintained assumption in the ESTAR model (1). Consequently, the MR-LSTAR dynamics will be symmetrical around zero, which would correspond to κ = 0 in model (1).
Model (4) then becomes:
where Γ = G 1 + G 3 . Hence, Models (5) and (1) are quite similar to each other, except for the definition of the transition function, which is logistic in the former and exponential in the latter. To illustrate the properties of the transition functions Γ and G of models hand, the ESTAR is not able to capture these dynamics under any parametrization.
The proposed MR-LSTAR model
The general MR-LSTAR model we will study in the remainder of the paper writes:
where
This symmetrical MR-LSTAR model generalizes model (5) by including lagged values of ∆y t to remove some of the autocorrelations in ε t , and by allowing for drifts in the outer and inner regimes, denoted µ 1 and µ 2 , respectively. Following the theoretical models discussed above, we maintain the assumption that the autoregressive coefficients are the same in the two outer regimes and we assume that µ 3 = −µ 1 , as in e.g. Obstfeld and Taylor [1997] .
As the focus of the paper is on testing unit root versus a stationary LSTAR alternative, we need to determine under which conditions the MR-LSTAR process is stationary and "well behaved". We briefly discuss sufficient conditions for y t , defined in (6), to be β − mixing with geometric decay. This property implies that (a) the stationary distribution of y t exists, (b) starting from an arbitrary value y 0 the process y t becomes stationary exponentially fast, and (c) y t is α − mixing with geometric decay which is a desirable property to do inference. Bec et al. [2004] study the mixing properties of a SETAR(p). We give here an intuitive argument that shows that the mixing properties of SETAR and MR-LSTAR are essentially the same. The mixing property (see e.g. Tjøstheim [1990] We refer the reader to the mixing conditions for a SETAR(p) model given in Theorem 1
of Bec et al. [2004] and do not reproduce them here. The more striking result is that the coefficient in the middle regime, ρ 2 , may be equal to 0 (corresponding to a unit root) or positive (explosive root) while the model remains globally stationary.
For the data at hand, the paper tries to answer the following questions: (i) Is Model (6) stationary? (ii) Is it linear? The order in which these questions are addressed is essential. The next section highlights this point.
Testing linearity
The order in which the unit root test and linearity test are performed is crucial. The linearity tests proposed by, e.g., Hansen [1996] or Luukkonen, Saikkonen and Terasvirta hal-00685810, version 1 -6 Apr 2012 [1988] requires that the series be stationary. Consequently, one must establish stationarity before turning to linearity tests. In this section, we illustrate the way a linearity test may lead to fallacious inference in the presence of a unit root. Consider a simple LSTAR model given by:
The hypothesis of interest is H 0 : φ 1 = φ 2 . Under H 0 , the model is linear and γ and λ are not identified, therefore the usual properties of the Wald test no longer hold. As an alternative, Luukkonen et al. [1988] suggest to use an auxiliary model,
and to test H 0 : β 1 = 0. The Wald test of this hypothesis (denoted WL in the sequel) has power against an alternative of type (8). Under the null hypothesis H 0 :
where |φ| < 1, the Wald test statistic converges asymptotically to a chi-square with one degree of freedom. But what is its limit if the process is a random walk, that is φ = 1, under H 0 ? This is an important issue as the linearity is often tested on series for which there is no strong evidence of stationarity, see for instance Michael et al. [1997] . In the appendix, we show the following result.
Proposition 1 If y t is a random walk with y
0 = 0, then W L L → 1 3 B (1) 3 1 0 B (r) 2 dr − 1 2 B (1) 2 − 1 1 0 B (r) 3 dr 2 1 0 B (r) 2 dr 1 0 B (r) 2 dr 1 0 B (r) 4 dr − 1 0 B (r) 3 dr 2 ,
where B(.) is a standard Brownian motion.
From Proposition 1, we see that the asymptotic distribution of W L is very different from a chi-square distribution, when the DGP is non-stationary. Using 10,000 replications from a sample of size 10,000, we computed the fractiles of the distribution of WL and compared them with those of a chi-square with 1 degree of freedom. The results are summarized in Table 1 . The line labelled "p-value" gives the probability of rejecting H 0 obtained when using the critical values given by the chi-square when the data follow a random walk. We see that the distribution of W L has a much thicker right tail than the χ 2 (1). Using the critical values of the chi-square might result in rejecting wrongly the linear model. A 5% level for the chi-square corresponds to a 16.4% level for WL.
hal-00685810, version 1 -6 Apr 2012 We illustrated our point on a simple model but we expect the same conclusions to hold for more general models. This is the reason why one should test for stationarity prior to testing for linearity and not the other way around.
Testing Unit Root versus MR-LSTAR

Likelihood-based unit-root tests
In model (6), we want to test The restricted regression is given by
Denote the vector of restricted residuals byε. In absence of heteroskedasticity, the trilogy of tests can be written in terms of the residual sum of squares:
where Π is a compact set of R +2 * . Under H 0 , the Wald, Lagrange Multiplier and Likelihood
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Ratio tests satisfy
cated function of Brownian motions given in Equation (22) Next, we discuss the assumptions on β (or γ) and λ. The assumption λ = √ Tλ is reminiscent of the assumption made in the structural change literature that the breakpoint is supposed to be equal to T π with π ∈ (0, 1), which guarantees fixed proportions of observations before and after the break. Here, the assumption is that λ grows at the same rate as the standard error of an integrated process, so that under the null the proportions of observations in the lower and upper regimes have a lower bound. Note that because γ and λ are not identified under H 0 , we are free to make any assumptions on them. Moreover under H 0 , y t / √ T converges to a Brownian motion, δB (r) , with r = t/T. First assume that γ and λ are fixed, then we obtain
This means that testing with γ and λ fixed is equivalent to testing in the context of a two-regime SETAR model with λ = 0. If moreover the symmetry of the outer regimes is assumed, then the resulting model is actually linear. This will result inevitably in a great loss of power. On the other hand, assuming that β,λ is fixed, we obtain
Note that λ is assumed to diverge with √ T only under the null hypothesis. This assumption is used to derive the distribution of the test statistics under H 0 . Under H 1 , λ is of course assumed to be fixed.
As β and λ are not identified under the null hypothesis, the choice of β and λ is arbitrary. To select β and λ, we use the same strategy as in testing linearity against a SETAR model (see Tong [1990] ), namely we take the supremum of the test statistics with hal-00685810, version 1 -6 Apr 2012
respect to the nuisance parameters. The tests under consideration are therefore:
where B = b,b and Λ = λ,λ . Since λ plays the role of a threshold, we adopt the same approach as in the SETAR literature. We order the absolute value of y t : |y| (1) < |y| (2) 
Whereas b andb are fixed numbers, T and¯ T are random variables. Their limiting distributions are given by
where p is the random variable that solves
This choice of Λ and B insures that the asymptotic distributions of the sup tests are nuisance parameter free. This justifies the use of empirical critical values obtained by simulations. 
In this case, a Wald test of H 0 : β 1 = ... = β i = 0 will have in general power against a LSTAR (this test is referred to as F i ).
The question is which order i to choose. As a test F i uses an auxiliary regression, there may be LSTAR models against which this test has no power. This problem is particularly serious for i = 1. Consider a simple illustration. Assume, to simplify, that
, and
Remark that the function (G 1 + G 3 ) y 3 t−1 is a odd function of y t−1 . Therefore, if the density of y t is symmetric around 0 5 , we have E (G 1 + G 3 ) y 3 t−1 = 0, and thenβ 1
Hence F 1 does not have much power against such a LSTAR. This is however a special case, this lack of power is by no means the rule. F 2 would have power in this example.
The higher the order i of the Taylor expansion, the larger the range of possible alternatives against which the test will have power. For instance, F 2 has, in general, power not only against LSTAR but also against ESTAR models (see Kapetanios et al. 2003) . As estimating parameters is costly, we choose to adopt F 2 which is more parsimonious than
Proposition 4 Under H 0 , F 2 has the nonstandard distribution given in (24) in Appendix A, which is nuisance parameter free.
It is expected that F 2 will have less power than our sup test because F 2 is not specifically designed to test LSTAR. Note however that, because of the presence of nuisance parameters that are not identified under the null, there is no uniformly most powerful test.
Empirical critical values of the unit-root tests
In this section, we compute the empirical critical values of tests described earlier, SupW, SupLM, SupLR, F 2 , and another test, SupLRh. SupLRh is defined as
where LRh T is the heteroskedasticity-robust version of the likelihood ratio test, which exact expression is given in Appendix B.
In the empirical study below, we have found that p = 2, so that model (6) may be rewritten as follows :
with ε t iid N (0,1). This is the model we choose to retain under H 1 in order to compute the empirical power. Under H 0 , we generate the model
where the ε t s are drawn from an iid N (0,1), a = 0.3, and σ = 0.02. This choice of the parameters is dictated by the data. When fitting (18) on the real exchange rates, we obtain, for most of the series, a close to 0.3 with a range 0.13 ≤ a < 0.4 and σ around 0.02. In Table 2 
Size and power analysis of the unit-root tests
In order to examine the size and power of the proposed tests, we perform a small sample study. For both Tables 3 and 4 and later when we analyze the data, we use the empirical critical values obtained in Table 2 . Hence, the power is actually a size-corrected power.
First, we generate the model under the null, i.e., model (18) for a = 0.3 and σ = 0.02 and ε t iid N (0,1) using a different seed for the random number generator from the one used to compute the empirical critical values. In Table 3 , we report the empirical rejection hal-00685810, version 1 -6 Apr 2012 From Table 3 , we see that the empirical size of our tests is quite accurate. Nevertheless, the SupLRh and the F 2 tests appear slightly more conservative than the SupLR.
Next, we explore the power of the tests by generating 1,000 series under the alternative, (17), for various parameter values. In all the following experiments, we normalize σ to unity. We also set a = 0.3, µ 2 = ρ 2 = 0 and µ 1 = λρ 1 , which is consistent with our MR-LSTAR estimates (see next section). In Table 4 , we report the size-corrected power of the sup tests described in Subsection 3.1, the test F 2 described in Subsection 3.2, the Adjusted Dickey Fuller test, and the test proposed by Kapetanios et al. (denoted KSS) .
The theoretical size of these tests is α = 5%. The power of the sup tests is increasing in λ, |ρ 1 | and n. In most of the MR-LSTAR estimates reported in the next section, the λ/σ ratio is greater than eight, which is close to the case with λ = 10 in Table 4 . In those cases, our SupLR test clearly outperforms the ADF one. As expected, SupLR clearly dominates the tests based on auxiliary models: KSS and F 2 . Although the KSS test has been developed to test against ESTAR alternative, it seems to have comparable power to hal-00685810, version 1 -6 Apr 2012 For the pairs of currencies involving a country belonging to the Euro zone, we used data up to December 1998, since the Euro was introduced in January 1999. So, the sample size is only 304 for these pairs, whereas it is 466 for the remainders.
Standard unit root tests
First, we check the order of integration of the real exchange rates in the linear autoregressive model using three statistics, namely ADF (Dickey and Fuller [1981] ), PP (Phillips and Perron [1988] ) and KPSS (Kwiatkowski, Phillips, Schmidt and Shin [1992] ) 7 . The corresponding results are reported in Table 5 8 . These tests fail to reject the unit root for every pair, except for gbp/usd and frf/dem. The bef/dem pair is the only one for which a deterministic time trend is significant in the ADF regression. When allowing for this trend, we find that ADF and PP statistics are respectively -3.59 and -3.51, which are both significant at the 5% level. Since the following analysis is not suited to handle that case, the further results obtained from this pair should be interpreted with caution.
Since ADF and PP tests were shown to have low power against nonlinear alternatives by Pippenger and Goering [2000] among others, these results can not constitute evidence.
6 The data were obtained from Datastream. 7 We include at most a constant term in the deterministic component under the null. 8 The lag length for the ADF (k) is chosen according to the Ljung-Box statistic. It is always equal to 1. The size of the Bartlett windows for PP and KPSS tests (resp. and m) is obtained following Andrews [1991] . Before proceeding to the supLR test, we test the homoskedasticity of the residuals in the linear model. According to the tests of homoskedasticity proposed by White, Engle and Pagan 9 , the null of homoskedasticity is rejected for the following pairs : gbp/usd, cad/gbp, itl/gbp, bef/gbp, frf/dem, itl/dem, bef/dem, frf/itl, bef/itl and bef/frf. For these series, we will also consider the heteroskedasticity-robust version of the LR tests and the standard-errors of the parameters estimates will be corrected using White [1980] 's consistent estimator of the covariance matrix. Table 6 reports the results of unit-root and linearity tests calculated from the MR-LSTAR models, (17), for which the unit root hypothesis can be rejected. The real exchange rate data used for the MR-LSTAR estimation are demeaned because model (17) implies symmetrical behavior around zero.
According to the unit-root tests' statistics given in the first two columns of Table 6 , eleven real exchange rates reject the null of random walk against our MR-LSTAR alternative, namely gbp/usd, gbp/frf, gbp/dem, cad/gbp, frf/dem, itl/dem, bef/dem, frf/itl, fim/itl, bef/frf and fim/dem. In this table, exponents − , * and * * , respectively, denote the 15, 10 and 5 percent significance levels. The conclusions arising from (6) is rewritten by replacing the transition functions by their second-order approximations, which are preferred to the first-order ones in order to capture the possible nonlinearity arising from the intercepts :
where the β i 's, i = 0, 1, 2, 3 are functions of the parameters φ 1 , φ 2 , γ, and λ. We use a Lagrange Multiplier test (denoted LML) to test H 0 : β 2 = β 3 = 0 in the regression above. This test follows a χ 2 (2) distribution under H 0 and diverges under the MR-LSTAR alternative. We report the values of this statistic in the third column of Table 6 . For the pairs displaying heteroskedasticity, the LM statistic is corrected along the lines described in Appendix B. The null of linearity is rather strongly rejected for all these pairs, except for the cad/gbp one.
The constrained maximum likelihood estimation
The estimation of the MR-LSTAR representation given in (17) was performed using the constrained maximum likelihood method 10 . We imposed the constraints γ > 0 and λ ∈ 
, whereσ y t−1 is the sample standard deviation of the switching variable, so as to make γ approximately scale-free. Then, the grid for γ was arbitrarily set to {2.5, 5, 7.5, 10, ..., 25}.
The MR-LSTAR estimates for these eleven pairs are reported in Table 7 . The standard error estimates of γ are not reported. Indeed, due to an identification problem, this parameter estimate does not have a standard asymptotic distribution. Moreover, this parameter cannot be accurately estimated when it is large, since in that case, the transition function is close to a step function, and one would need many observations in the neighborhood of λ to estimate it accurately. In fact, outside of this area, large changes in γ have only small effects on the shape of the transition function. The estimated parameters for these eleven pairs share a lot of common features.
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Firstly, the estimates of
are very large, ranging from 125.5 for fim/dem to 4884.2 for frf/dem, thus providing support for a SETAR specification. This is confirmed by the plots of the transition functions: in Appendix C, we report the G 2 function of model (17) corresponding to the smallest ratio γ σ y t−1 obtained for the fim/dem pair, and to the largest one which is obtained for the frf/dem pair. Actually, most of the series exhibit an almost discontinuous adjustment. Secondly, the parameter estimates always have the expected sign, and relative size. Indeed, in every case µ 1 is positive while µ 2 is negative or null, and ρ 1 is rather strongly negative -ranging from -0.062 for the gbp/usd pair to -0.773 for the fim/dem pair -while ρ 2 is never significantly different from zero, except for the cad/gbp and bef/dem pairs.
The results obtained for the cad/gbp pair are amazingly similar to the other ones, although we were not able to reject the linearity hypothesis in that case. Its parameter estimates appear to be significantly different across regimes, the threshold estimate is significantly different from zero and the smoothness parameter is not close to zero. Finally, the only striking result is the one obtained for bef/frf, for which no other parameter thanâ andλ seems to be significantly different from zero, even at the 10% level.
Half-lives
One of the PPP puzzle is the high degree of persistence in the real exchange rate (Rogoff [1996] ). In this subsection, we compute the half-lives resulting from the MR-LSTAR model in order to compare them with existing results.
First we compute the impulse response function following the Monte Carlo method described in Gallant, Rossi and Tauchen [1993] and Taylor et al. [2001] . We set the initial values of y t−1 and y t−2 to the value given in the column labelled "starting value". Then, we generate two series of length T = 100 with identical errors except that the first series has an extra additive shock at time t of the form ln (1 + k/100) with k = 40, 20, 5, and 1. This corresponds to shocks of k percent. Then, we compute the difference between the two series and repeat this procedure 5000 times. We average out the differences to obtain an estimate of the impulse response function. This function is used to compute the half-lives reported below.
As the model is nonlinear, the impulse response function and hence the half-lives depend crucially on the amplitude of the shock and on the starting values. We consider a set of four starting values. One corresponds to the sample mean of the data, 0, as suggested by Gallant et al. [1993] . The other ones have been chosen to get some insights on the impact of a shock if the starting values are on the edge of the band. As we consider hal-00685810, version 1 -6 Apr 2012
only positive shocks, we also investigate a starting value far below the left boundary, namely -2λ. Table 8 reports half-lives (in months) for three representative real exchange rates: gbp/usd, fim/dem, and frf/dem 11 . It is also informative to compute the half-lives associated with the outside regime.
They are obtained from the formula given by Hamilton (1994, page 10) by doing as if the model were an AR(2) with autoregressive coefficients φ 1 = 1 + a + ρ 1 and φ 2 = −a. We find the following half lives: 12 months for gbp/usd and only 1 month for fim/dem and frf/dem. These values provide a lower bound for the half-lives. Such values will result either from a very large shock that brings the real exchange rate into the outside regime (see frf/dem, cell (λ, 40)), or from a small shock in the outside regime so that the real exchange rate remains in this regime (see frf/dem, cell (−2λ, 1)).
Note that the dissymmetry of the results between the case where the starting value is λ and the case where it is -λ is due to the fact that the shock is positive. Starting from λ, the shock pushes toward the outside regime and hence dies out faster than starting from boundary and it pushes the real exchange rate into the middle regime (see cell (−2λ, 40) of fim/dem).
When the starting value is set at the mean (0), we clearly see that the mean reversion for large shocks is stronger than for small shocks. This is consistent with the presence of transaction costs. The half-lives we obtain for gbp/usd range from 18 to 35 months, which are comparable to those obtained by Taylor et al. [2001] using a ESTAR model.
While most empirical studies based on a linear model agree on a half life for gbp/usd of about 4.6 years (see Rogoff [1996] ), our results suggest a much shorter half-life. In a recent paper, Taylor [2001] finds half-lives equal to 1.7 years for gbp/usd using an AR (2) model. These different results can be reconciled in the following manner. In a linear model, the half life is computed for a shock of size 1 and is independent of the starting values. This half-life can be thought of as a weighted average of the half-lives obtained for various starting values.
Conclusion
This paper explores the possibility that, in presence of transaction costs, a nonlinear MR-LSTAR representation is more relevant for the real exchange rate than a linear specification. While most linear models predict a half-life for PPP deviations ranging from 3 to 5 years, our model shows that large shocks adjust much faster than small shocks, resulting in a half-life as short as two months for frf/dem. Another contribution of the paper lies in the modeling of the real exchange rate.
While former empirical studies focused on either the SETAR or ESTAR models, our paper uses a MR-LSTAR specification, which is able to mimic both the abrupt adjustments of the SETAR and the smooth adjustments of the ESTAR. It is worth noting that in the case of frf/dem, the shape of the estimated transition functions is very close to the shape of the indicator function characterizing the SETAR model. 
The result follows from the following limits (see Hamilton [1994] ):
Proof of Proposition 2.
as G 1 , in the following. The dependence on t is omitted for ease of notation. We are in a case close to Case 2 of Hamilton [1994, page 518] . Using his notation, Model (6) can be rewritten as
and M 22 is the symmetric matrix such that
We use as the scaling matrix the following (p + 4)×(p + 4) diagonal matrix Γ T with diagonal elements Premultiplying (20) by Γ T , we obtain:
We have
by the Law of Large Numbers where 
similar results hold for the other terms of M 22 and x t ε t . These limits are also uniform in π, see Theorem 2 of Bec et al. [2008] .
Using again Park and Phillips, it can be shown that
Therefore, we have T [ x t ε t ] into two pieces. By Hamilton (page 520), the top part has the following asymptotic distribution
And the second part follows asymptotically  hal-00685810, version 1 -6 Apr 2012
H 0 can be rewritten as Aθ = α = 0 where A is the appropriate selection matrix and α = (µ 1 , µ 2 , ρ 1 , ρ 2 ) . The Wald test is given by
where α is the estimator of α,x t are the regressors associated with α, and σ 2 is a consistent estimator of σ 2 . Hence the asymptotic distribution of W T is given by
Note that this distribution is nuisance parameter free. By equivalence between the test statistics, the limiting distribution of LM T and LR T is the same as that of W T .
Under the alternative of a stationary LSTAR model, α converges at the √ T −rate of convergence to a pseudo true value α a which is in general not equal to the true α (unless β and λ are the right values). However α a will be different from 0 and the test statistics diverge.
Proof of Proposition 3.
Let us define T = λ/( √ T δ). Note that k = (β, T ) . Now definẽ
Hence we have
We have shown before
where the distribution of ,¯ does not depend on any parameter.
We need to show
We can not apply the continuous mapping theorem directly because ,¯ is random and its support is not bounded. This result can be established using a similar proof to that of Theorem 3 in Bec et al. [2004] .
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Then , it is easy to see that the distribution is nuisance parameter free because D (.)
does not depend on unknown parameters and neither does B × ,¯ .
Proof of Proposition 4.
We adopt the same reparametrization as in Kapetanios and al. (2003) . 
which itself is equivalent to
Let θ = (β 1 , β 2 ) . Let X be the T × 2−matrix, X = y 2 −1 y 3 −1 and
To establish the limiting distribution, we apply Theorem 3.1 of Park and Phillips [2001] : 
